Dynamic functional connectivity (DFC) analysis can capture time-varying properties of connectivity and may provide further information about transdiagnostic psychopathology across major psychiatric disorders. In this study, we used resting state functional MRI and a sliding-window method to study DFC in 150 schizophrenia (SZ), 100 bipolar disorder(BD), 150 major depressive disorder (MDD), and 210 healthy controls (HC). DFC were clustered into two functional connectivity states. Significant 4-group differences in DFC were found only in state 2. Post hoc analyses showed that transdiagnostic dysconnectivity among there disorders featured decreased connectivity within visual, somatomotor, salience and frontoparietal networks. Our results suggest that decreased connectivity within both lower-order (visual and somatomotor) and higher-order (salience and frontoparietal) networks may serve as transdiagnostic marker of these disorders, and that these dysconnectivity is state-dependent. Targeting these dysconnectivity may improve assessment and treatment for patients that having more than one of these disorders at the same time.
Introduction
The traditional view of psychiatry holds that major psychiatric disorders (e.g., SZ, BD and MDD) are separate diagnostic categories with distinct etiologies and clinical presentations. However, existing diagnostic categories are not clearly associated with distinct neurobiological abnormalities [1; 2] , which may hinder the search for biomarkers in psychiatry [3] . Major psychiatric disorders have common abnormalities in many characteristics, including genetic risk and etiology [4; 5] , neural alterations [6] [7] [8] , and clinical symptoms [9] [10] [11] . In addition, comorbidity among psychiatric disorders is very common, with 22% of patients having 2 diagnoses and 23% having 3 or more diagnoses [12] . Taken together, the abovementioned findings suggest that there are no clear-cut boundaries between different mental disorders. In contrast, each distinct psychiatric disorder is hypothesized to have broadly shared etiologies and mechanisms relative to the other psychiatric disorders [13; 14] . Transdiagnostic studies are necessary because they focus on fundamental processes underlying multiple psychiatric disorders, help to explain comorbidity among disorders, and may lead to improved assessment and treatment of disorders [15] [16] [17] .
An important application of transdiagnostic models of psychopathology is to uncover shared (common) neurobiological abnormalities across multiple psychiatric disorders. The vast majority of previous studies, however, have merely compared patients with one specific group of psychiatric disorders to healthy controls (HC). Of the small number of transdiagnostic studies, many were meta-analyses that were based on individual studies using different methodologies [6; 8; 18; 19] . Recently, a small but rapidly growing number of original transdiagnostic studies have been conducted to directly investigate the shared abnormalities in brain structure and functional connectivity across multiple mental disorders [20] [21] [22] [23] [24] [25] . For example, a previous study reported that disruptions within the frontoparietal network may be a shared feature across both SZ and affective psychosis [20] ; this finding was validated and extended by a recent study [25] . In addition, a recent study found that the risk of common mental illnesses mapped onto hyperconnectivity between the visual association cortex and both the frontoparietal and default-mode networks [23] .
Despite the contribution of advancing transdiagnostic research with regard to studies using functional connectivity, these studies assumed that the functional properties of the brain during the entire fMRI scan were static rather than dynamic. In fact, interactions among large-scale brain networks are highly dynamic, and time-averaged or static connectivity provides limited information about the functional organization of neural circuits [26; 27] . Therefore, using time-varying or dynamic methods to investigate shared patterns of dysfunction in large-scale functional connectivity networks across major psychiatric disorders may provide further information about their psychopathology. Along these lines, a few transdiagnostic studies have used DFC to investigate the dynamic functional architecture of brain networks in healthy young adults or the neurobiological abnormalities associated with psychiatric disorders [28] [29] [30] [31] [32] . For example, a previous study showed that DFC can reveal connectivity abnormalities that are not observed in static functional connectivity, suggesting that DFC is more sensitive than static functional connectivity [31] . Recently, another transdiagnostic study demonstrated that DFC was quite reliable within participants (within and across visits) and could act as a fingerprint, identifying specific individuals from within a larger group [28] . Although these studies that used DFC were very important, all of them had relatively small sample sizes (especially the patient groups) or studied only two diseases (i.e., SZ and BD or MDD and BD).
Here, we employed a widely used sliding-window approach [26; 27; 33; 34] to characterize DFC networks among patients with SZ (N = 150), BD (N = 100), or MDD (N = 150) and HC (N = 210). We aim to investigate the differences in dynamic connectivity between HCs and patients with SZ, BD or MDD. We hypothesized that the three disorders would share dysconnectivity in many brain networks.
Results
Two dynamic functional connectivity states. We used a sliding-window approach to construct the dynamic connectivity network. Then, we identified two patterns of dynamic connectivity network states (state 1 and state 2) using the k-means clustering method. State 1 was the less frequent of the two (35%) and featured stronger positive and negative connectivity. State 2 was more frequent (65%) and featured moderate positive and negative connectivity. The two states (represented by the centroids of the clusters) are shown in Figure 1 . Figure S1 shows the group differences without statistical thresholding. To illustrate the pattern of differences at the level of the brain network, we present the average t values of the dysconnectivity within and between networks ( Figure 3 ).
Based on the post hoc analyses, we further identified significantly dysconnectivity common to the SZ, BD, and MDD groups (Figure 2 .E-F).
Interestingly, the patterns of dysconnectivity were consistent across the three psychiatric disorders, i.e., they were either higher or lower than that of HC. The shared dysconnectivity within networks presented a consistent pattern of decreased connectivity, while the shared dysconnectivity between networks presented a mixed pattern of increased and decreased connectivity. Specifically, patients shared decreased connectivity within the visual, somatomotor, salience and frontoparietal control networks. Several patterns of dysconnectivity between networks were also common to these disorders. Specifically, connectivity was increased between the visual network and the limbic, frontoparietal and default-mode networks; between the dorsal attention network and the salience and somatomotor network; and between three pairs of regions in the frontoparietal and default-mode networks, while decreased connectivity between salience and frontoparietal control, default-mode and somatomotor networks, as well as three pairs of connectivity between frontoparietal and default-mode networks. 
Discussion
The present study was the first to examine alterations of DFC in SZ, BD and MDD with a relatively large sample size at a single site. We found that all participants experienced two distinct functional connectivity states during the resting state scanning: state 1, a less frequent, 'extreme' state characterized by stronger positive and negative connectivity, and state 2, a more frequent, moderate state with weaker connectivity. However, the group differences in DFC were expressed only in state 2.
Post hoc analyses identified that shared patterns of dysconnectivity were marked by consistently decreased connectivity within most networks (visual, somatomotor, salience and frontoparietal networks), and SZ was the most obvious in extent. These findings suggest that decreased connectivity within both lower-order (visual and somatomotor) and higher-order (salience and frontoparietal) networks may serve as transdiagnostic marker of SZ, BD and MDD, and that these dysconnectivity is state-dependent. This study shed new light on the current transdiagnostic knowledge for these disorders. Targeting these transdiagnostic dysconnectivity may potentially improve assessment and treatment for psychiatric patients that having more than one of these disorders at the same time.
In the present study, there was no difference between the psychiatric patients and HC in state 1. Dysfunctional connectivity in the patients was manifested only in state 2. Interestingly, all shared dysconnectivity within networks were consistently decreased. Specifically, we found decreased connectivity within the visual, somatomotor, salience and frontoparietal networks across these psychiatric disorders.
The finding of dysconnectivity in the frontoparietal network was consistent with previous studies showing transdiagnostic disruptions in this network across multiple psychiatric disorders [25; 35] as well as in SZ patients [36] [37] [38] [39] , BD patients [40; 41] and MDD patients [42] [43] [44] . The frontoparietal network is the core hub for cognitive control, adaptive implementation of task demands and goal-directed behavior [45] [46] [47] [48] .
In addition to the frontoparietal network, we also found decreased connectivity in the salience network, another network that is important for executive function. These findings also matched those of earlier studies showing abnormalities in the salience network [6; 49] . Reduced intra-network integration (or intra-network modularity [50]) in the cognitive networks may be responsible for cognitive dysfunction, one of the most prominent transdiagnostic characteristics of psychiatric disorders [8; 16] .
Although abnormalities in higher-order brain networks such as the frontoparietal network were the dominant findings in previous studies, a recent study [51] suggests that the focus of psychiatric neuroscience should be expanded beyond these networks to some lower-order networks, such as the somatomotor and visual networks. The present findings of dysconnectivity within the somatomotor and visual networks corroborated earlier studies showing abnormalities in these networks in psychiatric disorders [22; 23; 52] . Together, these findings suggested that intra-network integration was decreased in patients with psychiatric disorders not only within higher-order brain networks but also within lower-order brain networks. Future research should pay additional attention to lower-order networks.
In contrast, the inter-network connectivity of patients compared to HC was not consistently decreased, but increased for some connections and decreased for others.
Increased connectivity was mainly driven by connectivity between the visual network and the limbic, frontoparietal and default-mode networks. Although dysconnectivity between the visual network and others was not often considered primary to psychopathological dysfunction in early studies, this finding was in line with that of a recent study [23] showing that hyperconnectivity between the visual association cortex and the frontoparietal and default-mode networks was correlated with increased p-factor scores (a single general transdiagnostic factor associated with risk for all common forms of mental illness). Considering that the patient groups in the present study were all psychiatric patients, our findings support and expand on that recent study, suggesting that there is dysconnectivity between the visual network and the frontoparietal and default-mode networks not only in those who are at a high risk for psychiatric disorders but also in those who already suffer from psychiatric disorders. This shared feature represents the possibility of a trait common to multiple psychiatric disorders.
Decreased connectivity was mainly driven by dysconnectivity between the salience network and the frontoparietal, default-mode and somatomotor networks.
The salience, frontoparietal and default-mode networks are the three most important high-order cognitive networks. Many studies have indicated that the salience network plays a role in switching between the frontoparietal and default-mode networks to improve performance of cognitively demanding tasks [53; 54] . Abnormal communication between these networks may be one of the factors underlying cognitive impairment in psychiatric disorders. Our findings are consistent with a recent review [8] .
Strikingly, the shared patterns of dysconnectivity across these disorders were all in the same direction, i.e., they were either higher or lower than those of HC.
Although speculative, this finding may support the idea that SZ, BD and MDD may lie along a transdiagnostic continuum of major endogenous psychoses [55] .
Our study has several limitations. The first limitation is the choice of window size for sliding-window analysis. In this study, we used an empirically validated fixed sliding-window of 17 TRs (34s) as suggested by previous studies [28; 56] to maximize signal estimates while still capturing the properties of transient functional connectivity. Future work should evaluate DFC across a variety of window sizes.
Second, we did not record respiratory and cardiac events and use them for denoising, which may have had an impact on our results. Finally, this is a cross-sectional research, longitudinal study is needed to better understand the transdiagnostic pathophysiological mechanisms for these psychiatric disorders.
In conclusion, we performed, to our knowledge, the first time-varying functional connectivity analyses in HC and SZ, BD and MDD patients in a single study with a relatively large sample size. Functional connectivity disruptions in psychosis were state specific and intermittent. Importantly, the patterns of shared dysconnectivity were marked by consistently decreased connectivity within both higher-order and lower-order brain networks, while there was a mixed pattern of increased and decreased connectivity between distributed networks. Our findings expand the current understanding of the transdiagnostic pathophysiological mechanisms for these 3 psychiatric disorders. Targeting these shared dysconnectivity may potentially improve assessment and treatment for psychiatric patients that having more than one of these disorders at the same time. Table 1 .
Methods

Participants
Dynamic functional connectivity analysis. The average BOLD time series of 114 nodes within the 17-network functional atlas of Yeo et al. [60] were extracted.
Dynamic connectivity was estimated from these time series with a widely used sliding-window approach in the software GIFT [61; 62] . The window was a rectangular window of 17× the repetition time (TR) convolved with a Gaussian of sigma 3×TR to obtain a tapered window, and it slid in steps of 1 TR. A previous study [56] suggested that a sliding-window width range of 30-60 s was appropriate for dynamic connectivity analyses. This previous study also revealed consistent state solution stability across varying sliding-window sizes of 33-63 s. Consequently, a width of 17×TR (i.e., 34 s) was chosen to maximize signal estimates while still capturing the properties of transient functional connectivity. As previous studies suggest that covariance estimation using shorter time series can be noisy, we estimated covariance from the regularized precision matrix (inverse covariance matrix) [63; 64] . Furthermore, we imposed a penalty on the L1 norm of the precision matrix to promote sparsity using the graphical least absolute shrinkage and selection operator (LASSO) method [65] . For each participant, the regularization parameter lambda was optimized by evaluating the log-likelihood of unseen data from the same subject in a cross-validation framework. For each participant, we obtained a total of 173 windows, each of which had (114×113)/2 = 6,441 unique functional connectivity measurements.
Finally, Fisher r-to-z transformation was performed for all functional connectivity measurements.
State clustering analysis. The k-means algorithm can identify sets of time-varying network configurations in different windows that have common features, grouping them into clusters that are more similar to each other than to configurations in other clusters. We used the Manhattan distance (L 1 distance) as a similarity measure in clustering, as it has been demonstrated to be the most effective measure for high-dimensional data [66] . To reduce the computational demands and to diminish redundancy between windows, following a previous study [26] , we first used the subject exemplars as a subset of windows with local maxima in functional connectivity variance to perform k-means clustering with varying numbers of clusters k (2-10). The optimal number of clusters k = 2 was determined based on the silhouette criterion [67] , a cluster validity index that reflects how similar a point is to other points in its own cluster compared to points in other clusters. The resulting 2 cluster centroids were used as starting points to cluster all DFC data (610 subjects × 173 windows=105,530 matrices) into 2 clusters. The finally resulting cluster centroids were regarded as functional connectivity states at the group level. For each participant, each state was regarded as the median of that windowed functional connectivity that had the same cluster index (i.e., 1 and 2).
Statistical analysis.
Group effects on dynamic connectivity were examined using one-way ANCOVA, with age, sex and mean FD as covariates. Regarding post hoc analyses, two-sample t-tests were performed following significant group effects with ANCOVA, which were compared in a pairwise fashion with the HC group as the common comparison. We used the FDR to correct for multiple comparisons in both the ANCOVA and the post hoc analyses (q < 0.05). Shared dysconnectivity was defined as a situation in which all three patient groups had abnormal connectivity compared with the HC group.
Code availability
All analysis code is available here: https://github.com/lichao312214129/lc_rsfmri_tools_matlab/tree/master/Workstation/ code_workstation2018_dynamicFC 
